A significant portion of the observed variability in roadway performance can be due to the difference and innate heterogeneity in drivers' behaviour. Analytical models, stated preference data collection and studies, and laboratory-based simulator experiments are developed to understand the driver behaviour for years. However, little has been done to fill the important gap between the survey/laboratory observed behaviour and the field observed behaviour. This study investigates drivers' actual behaviour by conducting real-world field experiments in Beijing's roadway system. In the experiment platform developed, instrumented vehicles are employed for the advanced data collection and analysis in order to understand the impact of roadway category on drivers' longitudinal behaviour, i.e. car-following and car-approaching. These behaviour dimensions are identified in this study and quantified by parameters including relative speed, leading vehicle speed, accelerator release, braking activation, distance headway, time headway, and time-to-collision. The analysis suggests that the drivers' behaviour variation heavily depends on roadway characteristics, which supplements further theoretical and survey-based behavioural research. The research findings provide insight for theoretical advances, evaluating driving assistance systems (DAS), and roadway-specific incentive designs for traffic harmonization, speed reduction, collision warning/avoidance, safety enhancement, and energy consumption savings.
Introduction
Driver Assistance Systems (DAS) are extra electronic features in motor vehicles that support the drivers in certain driving situations. Primarily aimed at enhancing roadway safety, mitigating emissions and environmental impacts, and harmonizing traffic, DAS are often designed with the functionalities of dynamic speed assistance, horizontal flow controls (e.g. active gas pedal, collision warning/avoidance, distance control, adaptive cruise control, etc.), lateral controls (e.g. lane departure warning, lane keeping support), monitoring (drowsiness detection, alcohol interlocks), and cooperative systems. Examples can be drawn from a large number of studies [1] [2] [3] [4] [5] . It is noted that a major assistances that a typical DAS system offers is the monitoring and enhancement to drivers' longitudinal performances (i.e. acceleration and deceleration) and lateral performances (i.e. driving behaviour that affects manoeuvring in a direction more or less perpendicular to the driving direction). The term "longitudinal and lateral" driving behaviour is thus broadly used for describing these important performances. DAS' assistances are achieved by: (a) helping the driver in "recognition," "judgment," and "actions"; (b) displaying warning signs in case the driver's incorrect actions are judged to be dangerous; and (c) taking over the control of the vehicle in case the driver is unable to avoid a collision [6, 7] .
These advanced assistances can potentially be effective in accident prevention in the way that DAS help drivers maintain comfortable and safe vehicle following/approaching distances by assisting partially in speed and distance control. One prerequisite to that is the correct understanding of the "longitudinal driving behaviour". A good behavioural model can bring together effective designs, evaluation, and implementation of DAS, integrated operations and demand management, and dynamic traffic control. But a key problem for the time being is the lack of understanding of longitudinal driving behaviour. Driving behavioural models often consider car-following and car-approaching as the two types of longitudinal behaviour. Over the past three decades, the behaviour has been extensively studied from the point of view of psychology (e.g. [8] [9] [10] ), ergonomics (e.g. [11] [12] [13] ), and traffic flow theory (e.g. [14] [15] [16] [17] ). Various measures have been employed to characterize the behaviour, including leading vehicle speed, headways [18] , and time to collision (e.g. [19] ). A number of variables from the perspective of automotive engineering could be added to the list, including elapsed time, steering angle, brake pedal deflection, etc. Nevertheless, a well-accepted specification of driving behavioural models is still lacking, especially concerning the heterogeneous behaviour and psychological factors [20, 21] .
Limited data sources are available for a validity check against those models. Simulation and driving simulators have long been implemented to collect drivers' behaviour data. For instance, earlier simulation-based models have employed vehicle velocity [14] ; optimal velocity model [22, 23] , and acceleration [24, 25] as the control variable. [26] has developed a driving simulation platform to collect behavioural data for the development of DAS wherein drivers' psychological status (prudent v.s. aggressive) and driving habits (risk-seeking v.s. risk-averse; skilful v.s. non-skillful) were incorporated into the parameter set. However, these laboratorybased data sources are expensive and often criticized to be biased [27, 28] . Environment built in the simulation experiment may be perceived as artificial by the experiment subjects [29] . Driving simulators for driver behaviour analysis can be potentially more useful if field data collected from "actual behaviour" becomes available, since the "actual behaviour" can be used to calibrate the analyses or models developed using simulator data. Real-world driving behaviour data is one type of "ground truth" which is not readily available yet in existing research.
An increasingly popular research concern has been raised that megacities in developing countries such as Beijing (a city with over 20 million population, 5 million automobiles, and 6 beltways) suffer from much more severe traffic and transportation safety conditions when compared with cities of the similar scale in the western world. For instance, Beijing's total number of annual fatal traffic incidents is 4.5 times larger than that of Tokyo, a city with 12 million population and over 4 million vehicles. While many factors contribute to this discrepancy, it is our primary goal and long-term objective to work on DAS systems with well-calibrated behavioural model parameters for Beijing. In order to achieve this goal, this study aims at designing a real-world experiment and employing an experimental platform [30] to observe and record the "actual behaviour" of drivers in Beijing. This research will further adapt the two main components of the platform in order for the longitudinal driving behavioural data collection and analysis: an instrumented vehicle test-bed wherein vehicle's surroundings and interior are captured, and an advanced data collection and analysis tool that serves as the data warehouse. A limited number of other vehicle test-bed systems have been constructed for research in intelligent transport systems. Sato and Akamatsu [31] have employed instrumented-vehicles to analyse drivers' preparatory behaviour before turning at intersections. Larue et al.'s most recent research has studied actual driving behaviour and fuel consumption/emissions on urban roads [32] . Among the existing studies, the contradictory findings regarding the difference of driving behaviour among different roadway categories draw our attention. Dijker et al. have found that carfollowing and approaching behavior varies with the traffic flow regimes using trajectory data [33] . Among several studies with opposite conclusions, Brackstone, et al. studied instrumentedvehicle data in congested traffic on two high-speed (speed limits: 80 km/h and 120 km/h) roadway categories [34] . The paper found no effect of roadway type in influencing the behaviour through a thorough data analysis, in which various combinations of explanatory variables are tested.
Brackstone et al.'s seminal work has setup a standard for designing and conducting instrumented-vehicle research to understand driving behaviour. Based on their study, the authors design an experiment platform and aim at collecting data and conducting a case study in Beijing. There is still room to refine their experiment design in order to achieve this paper's research objectives. Different roadway categories can be entirely different in Beijing's roadway system with different layout, capacity, speed limits, traffic volume, and density. When designing experiment, it is important to make sure that all these types of roadways are covered by the study. Moreover, if possible, experiment should include multiple experimental segments for each roadway category so that small sample bias can be mitigated to some extent. Another possible enhancement to Brackstone et al.'s experiment design is to incorporate multiple scenarios when collecting the data. Drivers' performance under various circumstances such as stable carfollowing, unstable car-following, and car-approaching can provide sufficient information for researchers and practitioners to understand heterogeneous driving behaviour. These aforementioned considerations will be elaborated in the Experiment Design section.
Under an experimental framework, the following empirical questions still need to be carefully answered: how to empirically test whether drivers tend to behave differently on different roadway categories? What are the data information pieces that need to be collected in an experiment? To answer those questions, existing studies are reviewed, especially for the variables considered and for the settings of the control objectives [35] . In order to obtain "actual behaviour" data, an instrumented-vehicle experiment is designed and conducted by using and adapting an experimental platform. Over thirty drivers have been recruited to participate in the experiment during which each subject was asked to drive extensively on six different roadway segments (three urban access roads, two distributor roads, and one freeway segment) in order to avoid potential selection bias. The study selected the aforementioned roadway types by following a typical roadway categorization: freeway, distributor (or arterial) road, and local access road (see e.g. [36] ). The distinction is meaningful as different road categories involved different types and levels of traffic risk [37, 38] .
The paper emphasizes the experimental design and behavioural analysis. It is worth reiterating the importance of including multiple roadway categories and multiple segments for each category to receive sufficient variation in the observations. In general, a specific countermeasure often relates to and is designed for one specific road category. Therefore, designing carefully the experiment would benefit the data collection of a more credible and behaviourally rich dataset, deepen our understanding about the actual behaviour, and potentially enhance the robustness of the estimated behaviour models. Longitudinal behaviours including car following and carapproaching are analysed in this research. Various results of the analysis are visualized and statistics suggest that drivers tend to behave differently on different roadway categories. Roadway category actually is an influencing factor to be considered in car-following and approaching models. If treating these behaviour dimensions differently for different roadway categories both in modelling and in implementations, more reasonable and effective outcomes would be expected.
The remainder of the paper is organized as follows. Section 2 describes the experimental platform and details the design of the instrumented-vehicle experiment. Data collection and results of the comparative analysis are presented in Section 3. Conclusions and future research scope are offered at the end of the paper.
The Experiment Design

Experiment design and data collection
While a large amount of data shall be collected, the major control variables and the longitudinal driving behaviour terminologies are summarized and listed as follows:
• Car following/approaching behaviour • Accelerator release behaviour: When approaching the leading vehicle, the driver releases the gas pedal and the vehicle reaches a fully closed throttle state. This behaviour is recorded once the accelerator position data is lower than a predefined lower bound threshold.
• Braking behaviour: When approaching the leading vehicle, the driver activates the brake. This is identified by the fact that the brake lamp signal becomes on.
• Gap closing: car-following with positive relative speed.
• Relative speed.
• Leading vehicle speed.
• Distance headway (DHW): the distance between the front bumpers of subject vehicle and its leading vehicle.
• Time headway (THW): distance headway divided by leading vehicle speed.
• Time-to-collision (TTC): distance headway divided by relative speed.
• Time-to-collision inverse (TTCi): the inverse of TTC. This statistic is meaningful in analysis because under certain circumstances the relative speed of the two vehicles is zero and the corresponding TTC approaches infinity. Three scenarios are designed for studying the plausible influence of roadway category on longitudinal driving behaviour. These definitions are defined based on DAS's predefined criteria (e.g. speed range is based on the specifications of DAS's Adaptive Cruise Control system).
• Scenario A: stable car-following. This stable car-following scenario represents the case when the relative speed of the two vehicles is low. The absolute TTC (time-to-collision) is longer than 20 seconds. And the speed is within a predefined range for each roadway category.
• Scenario B: unstable car-following. As a comparison, Scenario B is designated as a scenario where TTC is less than or equal to 20 seconds or the speed exceeds or is below the predefined range for each roadway category.
• Scenario C: car-approaching. The car-approaching scenario represents the case when the following vehicle is approaching the leading vehicle (i.e. gap closing lasts longer than a certain period of time). Specifically, the following conditions are defined: (1) the duration of gap closing is longer than 5 s; and (2) TTC is smaller than 50 s.
Based on the observation and analysis to the common road systems in Beijing, 3 types of roads have been selected for this experiment: urban distributor roads (road section 1 and 2), urban access roads (road section 3, 4, and 5), and freeways (road section 6). The route map is illustrated in Figure 1 . The southeast-bound (the red arrow) and the northwest-bound (the green arrow) of the 4th Ring Road (speed limit: 70 km/h) have been chosen as the urban distributor roads. Another three urban road segments (with two/three lanes, speed limit: 40 km/h) were included as the urban access roads. A part of the four-lane freeway between Beijing and Shijiazhuang (the capital of Hebei Province) has been chosen as the freeway section (speed limit: 90-120 km/h). In order to incorporate all the differences in the traffic density and the road characteristics and to avoid selection bias, 2 urban distributor road segments and 3 urban access road segments were included in the test sections.
The data used for this study was collected using the instrumented vehicle experimental platform described in the following section. The research has recruited thirty-three drivers to drive on the six experimental routes. Subjects' age ranges from 30 to 69 with mean equals 44.9 and standard deviation equals 10.8. Their driving experience is inferred from the number of years of driver's license holding: from 1 year to 47 years (mean equals 12.0, standard deviation equals 11.3). Before the experiment, each driver was directed to take a 30-min trial to get used to the vehicle and the roadway segments used in the research in order to mitigate the learning effects to the minimum. Therefore, the data collected reflect the normal driving behaviour of the driver. Drivers strictly used all six experimental roadway sections sequentially. When in the experiment, the subjects were instructed to drive on each roadway section starting from the same locations (identified in Figure 1 ). After completing the driving experiment on one roadway, drivers are instructed to head to the starting location of the next section. All the experiments were conducted during the same time of day with clear meteorology condition. 
Experimental platform for comprehensive longitudinal driving behaviour study
Driving simulators and stated preference surveys have long been implemented to collect driver behaviour data. These laboratory-based data sources are often criticized to be biased [27, 28] . Environment built in the simulation experiment may be perceived as artificial [29] . Driving simulators for driver behaviour analysis can be more useful if field data collected from "actual behaviour" becomes available. In order to observe and record this "actual behaviour" of drivers in Beijing and to calibrate model parameters for in-vehicle driving assistance systems (DAS) and other modelling/operations applications, the research team adopts an experimental platform [30] and designs the experiment. Two main components of the platform are further developed: the instrumented vehicle test-bed, and the data warehousing tool, as illustrated by Figure 2 (a) and 2(b).
The instrumented vehicle test-bed (Figure 2(a) ) is built to obtain complete coverage of data on drivers' behaviour, vehicle kinematics, and vehicle surroundings. The system incorporates a number of detectors, including laser radar (used to detect the distance headway and relative speed), global positioning system (GPS, employed to obtain the longitude and latitude), cameras (forward camera, drivers' hand camera, and foot camera), and internal vehicle kinematics sensors (used to accurately measure wheel speeds, acceleration, etc.). Images of the frontal road environment are recorded by a charge-coupled device (CCD) camera installed behind the windshield. In order to observe the driver steering and speed control operation, another two CCD cameras have been installed in the vehicle to capture the images of the hands and the feet movements of the driver. The signals of pedal position and steering angle are also obtained. The data warehouse collects, synchronizes, processes, and stores a large amount of information from the instrumented vehicle. Its interface is illustrated as Figure 2(b) . The real-time information being collected include: vehicle run time, brake lamp signal, accelerator-pedal position, distance to destination, speed (vehicle speed, horizontal/vertical speed, relative speed), acceleration (lateral/longitudinal acceleration), steering angle, yaw rate, direct angle, latitude, longitude, and altitude.
(a) The architecture of the experimental platform for driver behaviour study (b) the interface of the data warehouse 
Data Analysis and Results
The longitudinal driving scenarios have been analysed by using the developed experimental platform. The objects of the statistical analysis are the assembled data sample points from data sets collected on different roadway categories. Descriptive statistics concerning longitudinal driving behaviour for each scenario (i.e. A. stable car-following, B. unstable car-following and C. car-approaching) on different roadway categories for all drivers are presented in Table 1 . For different road categories, the mean values of DHW (distance headway) simultaneously increase with vehicle speed (speed limit increases from urban access roads to urban distributor roads and to freeways, see Figure 3 . Meanwhile, the values of the standard deviations of these parameters also synchronously increase as shown in Figure 3 , which suggests that drivers tend to choose more variable speed and distance headway when they are driving on roadways with higher speed limit. Other longitudinal driving behaviour (measured by THW, TTCi, and TTC) varies for different road categories except for TTCi in Scenario A and TTC in accelerator release (see Table 1 for detailed statistics). The relationships between leading vehicle speed and other factors such as THW and TTC are plotted in Figure 4 . In the interest of paper length, Scenario C is plotted as an example. By taking a closer look at Figure 4 , we can judge qualitatively that the relationships between the behaviours and the leading vehicle speed vary on different roadway categories. The paper further examines the frequency contour of time headway and time to collision inverse for all the data collected. This is typically used to indicate drivers' car-following characteristics. Taking Scenario B as an example (performances on different roadways are presented in Figure 5a , b, and c), the percentile numbers on area borders (25, 50, 75, 95 , and 99) indicate the percentages of the data samples, which fall inside the associated areas. In Figure 5 (a), for instance, the "99" contour curve indicates that on urban access roads, 99% of the TTCi-THW samples fall in that contour area. Firstly, the triangle-shaped contour suggests that the variation of TTCi is much higher when the time headway is relatively smaller. It makes sense since when the time headways are high, timesto-collision data samples are more concentrated to higher values (i.e. TTCi concentrate to [-0.1, 0.1] when THW reaches 5 sec as shown in Figure 5a ). This concentrated region is smaller on urban distributor roads and freeways. Another interesting finding is that the figure evidently shows that the data for urban distributor roads and freeways are relatively more concentrated in the contour, while the data for urban access roads are more dispersed. For instance, in urban access road cases, TTCi ranges from about -0.38 s -1 to about 0.35 s -1 (that is, vehicles' time-tocollision is controlled to be higher than 2.86 sec), while TTCi data for urban distributor roads and freeways ranges from -0.25 s -1 to about 0.25 s -1 (time-to-collision is higher than 4 sec). This phenomenon suggests that drivers prefer to keep THW and TTCi more cautiously when driving on urban distributor roads and freeways (could be due to the higher speed limit). On the other hand, drivers tend to behave more heterogeneously when driving on urban access roads. These findings indicate that there is an effect of roadway category on longitudinal driving behaviour. The impact of specific characteristics of roadway categories needs to be measured through estimation and validation of statistical models, which is subject for immediate future analysis. The Mann-Whitney U-test method is used for statistical testing of the above results for validation. When the population distribution of the scenario occurrences (mean and variance) is unknown and the number of samples is relatively large (more than 30 samples in this study), the U-test is a ubiquitous test method [39] [40] [41] . A null hypothesis is made that the expectations of the two groups of samples (such as data collected on urban distributor roads v.s. data collected on freeways) are equal. 95% confidence level is specified, from which a rejection region for the null hypothesis is derived. The absolute value of the testing variable u is calculated with the formula of the U-test. Finally, it is determined whether the calculated value of u is located within the rejection region or not in order to determine whether to accept the null hypothesis or not (i.e. whether the two samples are identical or not).
Scenario B is set as control group. Data points collected in Scenario A and C are included in the statistical test. Two important longitudinal behaviours, THW and TTC, are tested using this Mann-Whitney U-test. After several trials, we have replaced TTC with TTCi because under certain circumstances, the relative speed of the two vehicles is zero and thus makes TTC close to infinity. Therefore, THW and TTCi are selected for the U-test. The testing variable u is defined as follows:
Where X and Y are the expectation values of THW or TTCi for the two sample groups being tested. Variables S 1 and S 2 are the standard deviations of THW or TTCi for the two sample groups. Variables n 1 and n 2 are the sample sizes of the two sample groups. We make a null hypothesis H 0 and an alternative hypothesis H 1 :
Where E(X) and E(Y) are the expectation values of the two samples. Consider the result for α = 0.05 (90% confidence level) and 0.025 (95% confidence level), two typical levels of significance used in the U-test [42] . The rejection regions for the two confidence levels are |u|>1.65 and 1.96, respectively. We have conducted U-test for each subject and for each pair of roadway categories. The U-test statistics for THW and TTCi are shown in Table 2 . For a majority of the subjects in the experiment, we can conclude, on a 95% confidence level, that H 0 is rejected and most drivers' choices of THW and TTCi differ substantially and are influenced by roadway categories.
Closing Remarks
In this research, an instrumented-vehicle experiment has been reported to study the possible influence of roadway categories on longitudinal driving behaviour, which is measured by a number of variables, including speed (leading vehicle speed and relative speed), distance headway, time headway, and time-to-collision. Behavioural data has been collected from a carefully designed experiment wherein instrumented vehicles, in-car data collection/processing, and data warehousing have been employed and integrated. The results show that the longitudinal driving behaviours are influenced by roadway categories. The instrumented-vehicle data exhibits different correlation between the leading vehicle speed and DHW on different roadway sections, while the correlation between the relative speed and DHW largely remain unchanged. Another set of validation data has been collected from the same research and data procedure to verify the results. Only the data obtained during clear weather conditions and same time of day are chosen and analysed. The validation significantly matches the patterns observed in the instrumentedvehicle experiment.
In our study, driving behaviour under three different driving behaviour scenarios, including stable following, disturbed following, and car-approaching, has been studied. The analysis uses information collected from a relatively larger sample (33 drivers). At the same time, 6 different road segments falling in three roadway categories (3 urban access road segments, 2 distributor segments, and 1 freeway segment) are chosen as the test field to collect the behaviourally rich dataset. .8391** * -Significant at 90% confidence level; ** -significant at 95% confidence level.
The scale of the study, the experiment design, and real-world data collection efforts highlight the significance of this research. Also, the presented platform and case study in Beijing provides a unique application reference in a developing country for researchers and practitioners. In this paper, we have reached conclusion that driving behaviour tends to be different on different types of roadways. A Mann-Whitney U-Test has been conducted to statistically test the conclusion. In particular, it has been found that the lower the leading vehicle speed, the shorter the distance headway (DHW). One convincing explanation is that drivers operate vehicles with an increasing difference on roadways with lower speed limit, narrower width, and/or more locally complicated geometry. And thus they are likely to choose a substantially different car-following distance. However, we cannot conclude that roadway category is a significant determinant for longitudinal driving behaviour before we conduct rigorous modelling and test its statistical significance. Thus, this paper only answers the empirical questions raised in the Introduction partly. Modelling longitudinal driving behaviour and empirically test whether the roadway type is a significant factor for driving are subjects for immediate future research.
The results of this research provide supports for algorithms development for driving assistance systems (DAS), especially for the dynamic speed assistance with different feedback models that can adapt to the variety of driving behaviour. Future research is necessary to figure out drivers' behaviour under a number of "what-if" scenarios in order to completely understand the behaviour response (or adapts) to DAS. The dissimilarities of longitudinal driving behaviour will be further studied for a more accurate behavioural modelling, as the behavioural model is seen as one of the key components that needs further work to enhance the effective design, implementation, and evaluation of DAS in order to potentially achieve traffic safety, fuel consumption, and traffic flow harmonisation goals.
The results also provide profound insight for a potential application in traffic simulation modelling. The heterogeneous car-following behaviour observed from this instrumented-vehicle experiment study suggests another round of calibration or re-estimation of those car-following model parameters embedded in microscopic traffic simulation models. Ideally, as an immediate next step, we will specify and estimate different driving behaviour models for different roadway categories and explore their applications with microscopic models. Our mature instrumentedvehicle experimental platform, the fine-tuned data collection and data warehousing tool, and the stimulating environment of a fast-growing vehicle ownership/usage in Beijing (already over 5 million private vehicles) ensure that this line of research is a promising future direction.
